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Inventory management
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What does it mean”?
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Data

New data ?
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Formulation
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Open
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Optimization
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Optimal strategies



Strategy

The complete information to efficiently get
the optimal solution

s(0)
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Linear optimization

minimize c(@)Tx
subjectto A(f)z <

AN

Parameters Variables
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Tight constraints

T(0) = {i | Ay(0)z”

— # variables
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= b;(0)}

if non-degenerate
N general
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Strategy

The complete information to efficiently get
the optimal solution
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Solution
0

minimize  ¢(0)*
subjectto A;(0)

v bi(0) Vic T(6)

14



Inventory management
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Strategy selection

Wi = 9.97
Tinit < (.91 ds < 1.91

AN
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Strategies for inventory
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Mixed-integer optimization

minimize  ¢(0)!x
subjectto  A(0)x < b(6)
rr € Z% Integers
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Tight constraints are not enough
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Strategy
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Knapsack

maximize clx

subjectto alx <b
0<zx<u
x €L
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Strategy selection

Uy < 2

V we

a1 < 1.4

e

Strategy 1

{o
L, —
2

i # 2
i =2

as < 1.62

9/ 0y <28

[\

23



Mixed-integer convex optimization

minimize  f(60,x)
subjectto g(0,z) <0
1T © 7°
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Learning the strategies
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Classification problem
N data M labels

(0;,5s(6;)) Strategies S

Learn multiclass classifier

Learning
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Optimal Classification Trees (OCT)

01 < 2.45
True WG
6’2 < 1.75
0; < 4 95

¢o

[Bertsimas and Dunn (2017)]
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Optimal Classification Trees
with Hyperplanes (OCT-H)

True

01 < 2.45

False

(92+21(93<175

¢ o

[Bertsimas and Dunn (2017)]
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Neural Networks (NN)

Single layer
yr = f(yi—1) = (Wiyi—1 + bi) +

O PyTorch
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Strategies exploration



Classification problem

N data M labels
(0;,5s(6;)) Strategies S

Learning

Have we seen enough data?
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Will we find new strategies”

Parameters Strategies
601 —> 51
192 - S2
0N

On 117
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Alan Turing already knew that

Decoded the Enigma Machine
N
World War |l

Only some words (labels) needed




Good-Turing estimator

S1 12 times

S92 45 times

SM 2 times

GT =~ probability of unseen strategies

Ny # strategies appeared once
GT = —
N # samples
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Sampling scheme

Repeat until GT' < €

1. sample 6,

2. compute s(6;)

3. update estimator GT' <

Ny

N
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Speedups



Mixed-integer quadratic optimization

minmimize (1/2)z" Pz +¢* 'z +r

subjectto Ax <b / N
T € Zd / /
\
Y
Strategy
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minmimize (1/2)z" Pz +q¢" 'z +r  Equality
subjectto  Ar@yr = brp) Constrained
vz = 27(0) QP
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NP-hard problem

P
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Quick solution

KKT System
Aj%(e) I%_ n - —q
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MLOPT

Offline Learning
CVXPY Strategies NN/OCT
modeling Sampling Training

Online Optimization

0 —, ISEEICOE | 5(0) —> Solution R
Prediction Decoding
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Benchmarks



Facility location




Facility location

Shipment Facility
COst COst

minmimize Z Z R Z]‘};yz‘

iCF jEW icl
subjectto Y zy; >d; VjeEW

Parameters jEW
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Facility location results
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Hybrid-vehicle control
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Hybrid-vehicle control

T—1
maximize Y f(P"®, 2) + 0(z — 20-1)+
t=0

subjectto PPatt 4 pie > pdes

Parameters

Desired Power
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Model-predictive control results
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Conclusions



Understand
it using ML

Optimization
1S
Parametric

Solve
It really fast

Bertsimas, D., Stellato, B., The Voice of Optimization, arXiv:1812.09991, 2018
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Backup



Good-Turing estimator

Approximation

GT ~ POny+1 € RP | s(On11) € S(OnN))

Bound

P(Oni1 € RP | s(0n41) ¢ S(On)) < GT +¢y/(1/N)In(3/5)
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Sampling scheme

Algorithm 1 Strategies exploration

1. givene, 3,0 =0,S =0, u =00
2. fork=1,...,do

3: Sample 6, and compute s(60;) > Sample parameter and strategy.
4: O+ 0U{l} > Update set of samples.
5: if s(0) ¢ S then

6: S+ SU{s(0r)} > Update strategy set if new strategy found
7: end if

8: if G+ cy/(1/k)In(3/8) < e then > Break if bound less than e
9: break

10: end if

11: end for

12: return £,0., S
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